A State-space Approach to Estimate Energy Demand Model in China  by Guangrong, Tong & Yanjun, Yang
Available online at www.sciencedirect.com
Energy Procedia 5 (2011) 1177–1181
1876–6102 © 2011 Published by Elsevier Ltd.
doi:10.1016/j.egypro.2011.03.206
IACEED2010 
A State-space Approach to Estimate Energy Demand Model 
in China 
Tong Guangrong, Yang Yanjun  
Economics and Management School, Wuhan University, Wuhan, Hubei, 430072, China 
 
Abstract 
This paper examines the application of state-space model (SSM) to the modeling of energy demand in China. The 
data used in the paper includes China's aggregate energy consumption, economic growth rate, energy price, energy 
structure, industrial structure and aggregate population, which covers the period from 1991 to 2009. The result shows 
that: for energy demand, in different periods, the effects of various factors are changing. 
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1. Introduction 
 
In recent years, China experienced a bottleneck in its energy supply since the economic reform in 
1978. It  is reported that, in o rder to ach ieve the government’s objective of energy saving and emission 
reduction, the daily life of the residents and the production are often disrupted by frequent electricity 
blackouts in many areas [1]. Energy is a fundamental prerequisite of everyone’s life and it is important to 
the society and economy, so accurate understanding the determinants and estimat ing of energy demand is 
vital to assist policy makers in their decision. 
Many researchers have considered the estimat ing of energy demand using a variety of modeling 
techniques, which can be broadly classified as static and dynamic methods. The static techniques are 
commonly employed in early academic literature. Ishiguro and Akiyama (1995) have analyzed the effect 
of different policies on energy demand growth in five Asian countries, namely China, India, South Korea, 
Thailand and Indonesia [2]. Erdogan and Dahl (1996) analyzed aggregated energy demand for the 
 
  Corresponding author. Tel.: +86- 027-82240827; +86-13720116859. 
E-mail address: yangyanjun0221@yahoo.com.cn 
Open access under CC BY-NC-ND license.
© 2011 Published by Elsevier Ltd.  
Selection and peer-review under responsibility of RIUDS
Open access under CC BY-NC-ND license.
1178  Tong Guangrong and Yang Yanjun / Energy Procedia 5 (2011) 1177–1181
Turkish economy as well as industrial energy demand. Their results suggested that most of the efforts 
were quite primitive at  that time and did not help  much to provide inputs for policy analysis. In  recent 
years, more advanced dynamic statistical approaches are used for analysis, the focus remains on long -
term price and income elasticities of energy demand [3-4]. Dimitropoulos et al. (2005) used the structural 
time series model (STSM) to capture a non-linear underly ing trend with an ARDL model with UK 
quarterly and annual data respectively [5]. Chang and Martinez-Chombo (2003) used ECM with time 
varying parameters to estimate electricity demand in Mexico using annual data but made no allowance for 
exogenous [6]. Gang (2004) estimates price and income elasticit ies of several energy goods in OECD 
countries over 1978 to 1999 by applying the one-step GMM estimation method to a panel data set. The 
results show that for electricity, natural gas and gas oil demand, price elasticities are in general larger (in 
absolute value) while income elasticit ies are lower in the residential sector than in the industrial sector [7-
8]. Liu  and Zhang (2010) established the time varying regression model and analyze the impac t of the 
related economic factors on China’s energy demand using the MCMC methods. The result showed that  
the change of the electricity price plays the most significant role to reducing energy consumption  [9].  
In fact, due to economic reforms, external shocks, policy changes and other factors, the economic 
structure in China is gradually  changing. It is doubtful to use the fixed  parameter model to estimate 
China’s energy demand. Recently, the power of state-space model in modeling nonlinear t ime series has 
been shown in  many applications, with the documented results of a recent forecasting competition g iving 
some comparative results. In this study, a variable parameter modeling approach is adopted for estimating 
the energy demand model in China. 
 
2. The state-space representation of the energy demand model 
  
The time-vary ing coefficients model was advocated by Sims (1982) as a useful way of dealing with 
changes occurring all the time in government policy and economic institutions. In order to estimate the 
parameters at discrete time intervals we propose to use a state-space formulat ion of the model. The idea 
behind a state-space system is to capture the dynamics of an observed vector in terms of a possibly 
unobserved vector, which known as the state vector for the system.  
According to demand theory, the price is the key factor affecting commodity demand. But besides 
energy prices, there are many other factors affecting future energy requirements, such as economic 
growth rate, population, national economic structure, etc [10]. The state space model can be written as: 
                                                           
( , , ),t t t st ty h x u t NE                                                              (1) 
Where ty  is an vector of energy demand that are observed at date t, tx  is a vector of observed 
variables that are exogenous or predetermined, tu  is an vector that could be described as measurement 
error which is assumed to be . .i i d  and 
stE  is an  matrix of coefficients. Consider an unobserved scalar St 
that can take on integer values 1,2 ,T  corresponding to T different possible regimes. In the regime 
represented by St=1, the regression coefficients are given  by 1E , when St = 2, the coefficients are 2E , and 
so on. The variable St summarizes the "state" of the system and can be describes as: 
                                                      1( , , ),st st t tf x t NE E K                                                               (2) 
The state transition equation for a continuous-valued state variable is a Markov chain in which the 
probability distribution of St+1 depends on past events only through the value of St and we can use the 
Kalman filter to estimate the state vector. 
 
3. Empirical analysis 
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3.1 Data description 
The data used in the analysis covers the period from 1991 to 2009, which includes 6 variables as 
follow: 
                                  ( , , , , , , ),t t t t t t t st tED h RG PR ES IS PO u t NE                                             (3) 
Where 
tED  is the aggregate energy consumption in thousand tonnes of coal equivalent, tRG  is the 
real GDP, 
tPR  is the fuel procurement price index, tES  is the ratio of coal consumption to total energy 
consumption, 
tIS is the ratio of the industrial output, tPO  is aggregate population, tu  is an vector of 
measurement erro r and 
stE  is an matrix of coefficients which reflect the sensitivity of the energy demand 
to each factor. 
3.2 The DGP of the data 
To avoid the problem of spurious regression, we need to test whether the data we use is generated from 
a unit root process. 
 
Table 1. The results of ADF unit root tests 
 
variables ADF values 1% sig Prob results 
̲
 lnEDt -2.3964 -3.8086 0.2352 unstable 
̲
 lnRGt -0.7340 -2.6797 0.3864 unstable 
̲
 lnPRt -2.6055 -2.6797 0.0119 unstable 
̲
 ESt -3.5478 -4.4679 0.0599 unstable 
̲
 ISt -2.9753 -4.4678 0.1615 unstable 
̲
 lnPO t -1.282100 -3.8868 0.6125 unstable 
̲2
 lnEDt -3.6949 -2.6857 0.0009 stable 
̲2
 lnRGt -4.4267 -2.6857 0.0001 stable 
̲2
 lnPRt -7.3780 -2.6857 0.0000 stable 
̲2
 ESt -6.7635 -4.4983 0.0001 stable 
̲2
 ISt -5.4711 -4.4983 0.0015 stable 
̲2
 lnPO t -2.8867 -2.7175 0.0067 stable 
 
We can not reject the null hypothesis of the unit root at 1% level. It indicates the variables do not have 
the property of stability. In  order to test the cointegration of the variables, we perform Johansen and 
Juselius test: 
 
Table 2. The results of Johansen and Juselius test  
 
Unrestricted cointegration rank test(Trace) 
Hypothesized Eigen value Trace Statistic 5% Critical Value Prob. 
None* 0.980561 145.5961 69.81889 0.0000 
At most 1* 0.944416 78.60841 47.85613 0.0000 
At most 2 0.687234 29.48083 29.79707 0.0543 
At most 3 0.405789 9.721743 15.49471 0.3028 
At most 4 0.050051 0.872902 3.841466 0.3502 
       
 JJ test suggests that we can reject the null hypothesis at 5% level, which indicates the long-term 
cointegration relationship between 6 variables. 
3.3 Estimation results 
In order to illustrate the properties of the Kalman filter approach we estimate F = 1,2,3,4,5 factor 
versions of the energy model and extract time -series of the parameters. Figure 1 shows the correlation 
between the variables.  
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Fig.1. The matrix of correlation between lnEDt, lnRGt, lnPRt, 
ESt, ISt and lnPOt  
Fig. 2.  The estimated values of sv1, sv2, sv3, sv4 
 
According to the result in figure 1, we can sort the variables by the order of lnRGt, ESt, lnPOt, lnPRt, 
ISt and estimate different versions of the model as follow: 
             lnED   C+sv1*lnRG  sv2*ES   sv3*lnPO   sv4*ln  +sv5*ISt t t t t tPR           (4) 
Table 3 contains the estimated final state of parameter sv1, sv2, sv3, sv4 and sv5. We obtain highly 
significant parameter estimates (at the 1% level) for all models up to the forth factor.  
 
Table 3.  Estimated parameters for F-factor models 
 
 I (F=1) II (F=2) III (F=3) IV (F=4) V (F=5) 
SV1 0.633105 (0.0000) 
0.796364 
(0.0000) 
0.736627 
(0.0000) 
0.756441 
(0.0000) 
0.631100 
(0.0000) 
SV2 - 
0.047215 
(0.0000) 
0.048578 
(0.0000) 
0.048620 
(0.0000) 
0.041971 
(0.0000) 
SV3 - - 0.777163 (0.0000) 
0.648707 
(0.0000) 
0.530733 
(0.0000) 
SV4 - - - -0.007146 (0.0085) 
-0.074181 
(0.06933) 
SV5 - - - - -0.001751 (0.83670) 
Log L 7.357942 11.47804 11.48627 19.90147 -18.56829 
 
The result suggests that for the energy demand model of China, the parameters of  ln RGt (real GDP), 
ESt (energy consumption structure) and lnPOt (population) are positive and very significant. However, the 
parameters of lnPRt (price) and ISt (industrial structure ) are not so significant. The term structure also 
affects the change in the log likelihood when additional factors are included in the model. The log 
likelihood increases strongly with each additional factor, but the increase is clearly  lower when we add 
the fifth factor ISt which is contrary to the priori expectations.  
According to the result, we choose the four-factor model to estimate energy demand model as follow: 
                     
lnED  C+sv1*lnRG  sv2*ES  sv3*lnPO  sv4*ln  PR   
                        (5)  
                    1 1( 1), 2 2( 1), 3 3( 1), 4 4( 1)sv sv sv sv sv sv sv sv                                             (6) 
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Turning to the estimated result in figure 2, it can be seen that, in general, the effects of various factors 
are changing. The income elasticities of energy demand are positive and price elasticit ies are negative, 
which are consistent with demand theory. However, the PR (price) is not so significant.  One possible 
explanation could be, in early  90s, the rapid  economic growth leaded to accelerated increase in energy 
consumption, which induced the dramat ic increase of energy price. But since 2000, the positive effects of 
the high price on energy consumption began to weaken, and showed a downward trend. Moreover, long 
run energy elasticities for industrial structure and energy structure are positive and the growth of 
population has significantly increased the demand of energy since 1994 and then gradually decreased.  
 
4. Conclusion 
 
This paper has estimated the energy demand model of China. Compared with the other studies, the 
model in this paper is estimated for up to five factors using a state-space approach based on approximate 
Kalman filtering. The empirical analysis results indicate:  
First, the income elasticities of energy demand are positive and price elasticit ies are negative, which 
are consistent with demand theory, while price does not play a significant role in influencing demand. 
Second, the growth of population has significantly increased the demand of energy since 1994 and then 
gradually decreased. Third, the impact of the changes of industrial structure on the energy demand is 
insignificant, which is contrary to a-priori expectations and the long run energy elasticities for energy 
structure are positive. 
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